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Cost implications of cluster plot design choices for precise
estimation of forest attributes in landscapes and forests of
varying heterogeneity

Andrew J. Lister and Laura P. Leites

Abstract: Tradeoffs occur when deciding between improving forest inventory precision by increasing sample size or by augment-
ing cluster plot design factors like size or subplot separation distance. The nature of these tradeoffs changes with variation in type
and scale of the spatial pattern of the attribute of interest. To understand the impacts of relationships between type and scale of
spatial heterogeneity and cluster plot design efficiency, we constructed a factorial simulation experiment and analysed relation-
ships among forest inventory cost, cluster plot design factors, and different spatial heterogeneity scenarios constructed via simula-
tion. To calculate cost, we constructed a cost model that accounted for both on- and between-plot costs. We found that type and
scale of heterogeneity have important implications for plot design choices. Homogeneous stands and landscapes are the least
costly to inventory. Subplot area and count have stronger impacts than subplot separation on cost efficiency, particularly in land-
scapes with aggregated forest patterns and in stands with homogeneous tree patterns. We discuss results in the context of the
physical interaction between cluster plot geometry and spatial patterns at different scales, provide computer code for simulations,
and suggest principles that forest inventory cluster plot design specialists should consider when designing inventories.

Key words: cluster plot design, forest inventory design optimization, forest inventory cost model, forest pattern simulation,
forest sampling simulation.

Résumé : Pour améliorer la précision d’un inventaire forestier, des compromis sont possibles entre 'augmentation de la taille
de I’échantillon ou 'augmentation des facteurs de déploiement des placettes en grappes comme la taille des sous-placettes ou la
distance qui les séparent. La nature de ces compromis change selon la variation du type et de I’échelle de I’arrangement spatial
de l'attribut d’intérét. Afin de comprendre I'impact des relations entre I’efficacité du déploiement des placettes en grappes et
le type et I’échelle de I'hétérogénéité spatiale, nous avons réalisé une expérience de simulation factorielle et avons analysé les
relations entre le cotit de I'inventaire forestier, les facteurs de déploiement des placettes en grappes et différents scénarios
d’hétérogénéité spatiale congus par simulation. Pour calculer les cofits, nous avons concu un modele de cofits qui tient compte a
la fois des cofits a I'intérieur et a I'extérieur des placettes. Nous avons constaté que le type et ’échelle de I'hétérogénéité ont des
implications importantes pour le choix du déploiement des placettes. Les peuplements et les paysages homogenes sont les moins
cofiteux a inventorier. La superficie et le nombre de sous-placettes ont de plus grands impacts sur la rentabilité que la distance
entre les sous-placettes, en particulier dans les paysages avec des arrangements spatiaux de peuplements regroupés et dans les
peuplements avec des arrangements spatiaux d’arbres homogénes. Nous discutons des résultats dans le contexte de I'interaction
physique entre la géométrie des placettes en grappes et les arrangements spatiaux a différentes échelles. De plus, nous fournis-
sons un programme informatique pour les simulations et suggérons des principes dont les spécialistes du déploiement des plac-
ettes d’inventaire forestier en grappes devraient tenir compte lors de la conception des inventaires. [Traduit par la Rédaction|

Mots-clés : déploiement des placettes en grappes, optimisation de la conception de I’'inventaire forestier, modele de cofits
d’inventaire forestier, simulation de ’arrangement spatial des foréts, simulation de I’échantillonnage forestier.

There are several existing frameworks that have been proposed
for designing efficient forest inventories. The most common
design approach is constructing the inventory to meet precision
constraints for the least cost (Freese 1962; Wiant and Yandle 1980;
Lynch 2017a). Precision constraints, commonly termed allowable
error (AE), are typically presented as the desired confidence interval,
sampling error, or margin of error of the estimate that will arise

Introduction

Forest inventories are becoming increasing important as coun-
tries seek to generate information for policy and management
decisions, as well as participate in incentives programs aimed at
reducing carbon emissions (IPCC 2006; GFOI 2016; FAO 2017).
Technical and logistical challenges occur when designing inven-
tories that cover a mosaic of areas with different types and scales

of spatial heterogeneity. Clear, science-based guiding principles
are therefore needed to develop inventory systems that cost-
effectively meet users’ needs and function across a broad range
of tree and forest spatial pattern conditions.

from the inventory, along with an associated confidence level.
For example, the Intergovernmental Panel on Climate Change
(IPCC) recommends an AE of 10% at the 95% confidence level for
defensible estimates of carbon stock change (IPCC 2006). AE is
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used in a straightforward manner in the inventory design pro-
cess, through the following equation:

2
CV% xt
0 ma= ()

where 1.4 is the sample size required to achieve a specified per-
cent standard error (AE%), CV is a known or hypothesized coeffi-
cient of variation (CV) of the attribute of interest, and t is the
Student’s t value associated with the chosen confidence level
(Loetsch and Haller 1973).

A key challenge in choosing optimal inventory and plot designs
is that relationships between precision of the estimate and plot
design change under different attribute spatial heterogeneity
scenarios, and it is difficult to predict how these changes will occur
(Kleinn 1994; Yim et al. 2015). Sources of heterogeneity include
fine-scale tree patterns (Stoyan and Penttinen 2000), as well as
forest patch patterns at the landscape scale (Riitters et al. 2016).
Many forest inventories, like the national forest inventory of
the United States, distribute plots across all lands in a spatially
balanced way, including in nonforest areas, since one goal is to
monitor forest area dynamics (Bechtold and Patterson 2005).
Nonforest values under this paradigm are therefore included as
valid plot-level measurements of zero for the attribute of interest
(e.g., forest tree density or volume); this contributes, along with
variance from measurements within forest patches, to the overall
variance of the estimates.

The use of cluster plots further complicates forest inventory
design decisions. In single stage cluster designs, primary units
(sampling units, often referred to as plots) are composed of more
than one secondary unit (measurement units, often referred to as
subplots) distributed in a consistent pattern such as a line, cross, or
L-shape. Cluster plots are generally more efficient because, for the
same area measured, they can potentially capture more of the vari-
ability that is found on the landscape by avoiding sampling redun-
dant information in spatially autocorrelated patches (Thompson
2012). Cluster plot design parameters include subplot size, count,
and separation distance. Varying these parameters affects inventory
costs, such as those accrued during plot and subplot establishment
and walking between subplots.

The effect of each of these design parameters on inventory effi-
ciency is hard to predict because of the interaction of different
design variables and environmental heterogeneity scale and type.
Impacts of cluster plot design on precision have previously been
studied using data from mapped stands (Schreuder et al. 1987;
Zenner and Peck 2009; Picard et al. 2018), existing forest inventory
plots (e.g., Lynch 2003; Picard et al. 2004; Yim et al. 2015), and simu-
lated forest tree patterns (Arvanitis and O’Regan 1967; Mackisack
and Wood 1990; Brink and Schreuder 1992; Hou et al. 2015; Gove
2017). Based on our review of the literature, however, there are no
studies that use a factorial simulation experiment to model the
relationship among plot design parameters, spatial heterogeneity
type and scale, and inventory efficiency and costs. Such an experi-
mental approach would allow for control over plot design and
heterogeneity scenario parameters, without confounding factors
that are common in studies that rely wholly on field measure-
ments. This would increase understanding of the complex rela-
tionships among these variables and provide insight into the
mechanisms that govern their impacts on inventory efficiency.

In this study, we modelled inventory cost as a function of
landscape- and stand-scale heterogeneity factors and cluster plot
design variables including subplot area, count of subplots, and
subplot separation distance. The main goal was to reveal how
combinations of these factors and their interactions with scale
and type of heterogeneity affect cost, and to provide insights that
can help guide the development of efficient inventory networks
under different heterogeneity scenarios.
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Methods

Simulation experiment

A repeated measures factorial simulation experiment with
multiple crossed factors (Oehlert 2000, p. 438) was conducted to
model forest inventory cost as a function of two spatial hetero-
geneity factors and three cluster plot design factors. Each of
the two spatial pattern factors, representing landscape (L) and
stand (S) scale heterogeneity, had three levels (Fig. 1):

L1: highly dispersed patterns of forest patches with many small,
isolated fragments

L2: intermediate levels of aggregation

L3: highly aggregated patterns, with large, continuous forest
patches

S1: highly dispersed (uniformly distributed) pattern of tree
locations

$2: completely random pattern of tree locations

$3: highly aggregated pattern of tree locations, with trees occur-
ring in clumps

For each of the nine factor level combinations, 30 replicates
were generated via simulation for a total of 270 replicates (pro-
cedure described in the section on simulation details below and
in Fig.1).

Each of the 270 replicate heterogeneity scenarios was sampled
once using systematic sampling with 49 plot locations and a cluster
plot design arising from every combination of the following factors:

d: 10, 25, or 50 m subplot separation (measured between sub-
plot edges)

m: 2, 3, 4, or 5 subplots per plot

a: 0.01 or 0.2 ha subplot area

In other words, each member of a set of 3(d) x 4(m) x 2(a) =
24 cluster plot designs was used to sample each of the 270 replicates
at the 49 plot locations, as shown conceptually in Fig. 1. This pro-
cess required a repeated measurements design, as the 49 plot loca-
tions were always the same on each replicate; the only thing that
changed was the cluster plot design.

The variable recorded for each of the 30 x 3(L) x 3(S) x 3(d) x
4(m) x 2(a) = 6480 observations was CV of trees per hectare (herein-
after N), calculated from the 49 plot-level values and using simple
random sampling estimators under a single stage cluster sampling
paradigm (Thompson 2012). CV was chosen because it is needed to
estimate the required sample sizes (n.q; €q. 1). Required sample size
and plot design parameter costs were used to calculate total inven-
tory cost, the dependent variable we used in our models, for each
of the 6480 samples. A summary of this experiment is as follows:

1. Simulate 270 replicates of the forested heterogeneity scenarios
(9 L-S combinations x 30 replicates each; Fig. 1a).

2. Overlay a7 x 7 grid of plot locations on each replicate.

3. Sample each of the 270 replicates at the plot locations from
step 2 using each of the 24 cluster plot designs, recording CV
of N for each case (Fig. 1b), leading to 6480 observations of CV.

4. Use eq. 1 to calculate required sample size (n.q) for each ob-
servation to achieve an AE of 10% sampling error at the 95%
level.

5. Using knowledge of n.q landscape size, and various esti-
mates of on- and between-plot costs, implement a cost model
(described in the Cost Model section below and in Appendix A)
to calculate total inventory cost for each observation.

6. Build and interpret a linear model of total inventory cost as a
function of L, S, d, m, and a.

w Published by Canadian Science Publishing
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Fig. 1. Conceptual model depicting factorial experimental design. (a) Thirty replicates for each of three levels of landscape-scale (L) heterogeneity
were simulated for each of three levels of stand-scale (S) heterogeneity. (b) At each plot located on a 7 x 7 grid superimposed on each landscape,
stand-scale patterns were simulated for each level of S. Candidate cluster plot designs were superimposed over each plot location for each replicate,
and the number of trees per hectare was calculated per plot. Coefficients of variation from the 49 plots were calculated for each combination of

candidate plot design and replicate. [Colour online.|
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Simulation procedure

Simulation of L

To create a heterogeneity gradient from simulated landscapes,
we used the multifractal map generation feature of the qRule
landscape analysis software (Gardner 2017, 1999). We created
square maps (10.24 km sides, 105 km?) with 50% coverage of each
of two landcover classes: forest and nonforest. The software gen-
erates realistic maps using a fractal algorithm that produces
randomized, spatially correlated patterns of land cover, with the
option of controlling the level of aggregation. This allows for the
creation of each level of L, described above and in Fig. 1. We cali-
brated this algorithm such that the three levels of aggregation
corresponded with a gradient of approximate forest edge den-
sities of 432.5 m/ha for L1, 55.0 m/ha for L2, and 11.2 m/ha for L3.
Forest edge density is defined as the length of the interface
between forest and nonforest pixels, divided by the area of the
map. We chose the proportion forest (50%) and edge density pa-
rameters to reflect a range of realistic landscape patterns such as
those found in northeastern United States temperate forests that
intermingle with agricultural and urban areas (e.g., L2 and L3),
and those found in silvopastoral ecosystems like those in Central
America with sparse tree clusters of different sizes (L1). We pro-
vide examples of these types of landscapes and provide code for
calculating edge density and forest proportion from existing
maps in Supplementary Material S1a'.

For each level of L, 90 maps (replicates) were simulated, 30 per
level of S. The raster (Hijmans 2019) and spatstat (Baddeley and
Turner 2005) R packages were used to convert the qRule output
files to raster objects.

Simulation of S

For the simulations of tree patterns, an N of 388 trees/ha was
chosen. This is the average tree density of live trees greater than
or equal to 12.7 cm diameter at breast height on forest land for
Pennsylvania, according to the USDA Forest Service’s Forest In-
ventory and Analysis (FIA) database (USDA 2020). We considered
other commonly reported inventory attributes to use for our
study, including basal area per hectare (hereinafter G) and vol-
ume per hectare (hereinafter V). N was chosen because, in Penn-
sylvania, the variance of its estimate for trees greater than
12.7 cm diameter at breast height tends to be slightly higher than
that for G but slightly lower than that for V (USDA 2020). In addi-
tion, N and G are co-equal components of stocking calculations,
making it arguably one of the fundamental forest inventory
attributes (Zarnoch and Bechtold 2000). Finally, simulating pat-
terns of N is possible using standard point process models that
reflect naturally occurring patterns, while simulating G and V
adds complexity by requiring hierarchical models (Lister and
Leites 2018) or approaches like the use of copulas (Kershaw et al.
2010) that incorporate effects of tree characteristics in spatial pat-
tern generation.

'Supplementary data are available with the article at https://doi.org/10.1139/cjfr-2020-0509.
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Stoyan and Penttinen (2000) describe how various ecological
conditions can lead to regular, random, or dispersed patterns of
trees. Regular patterns would occur in plantations with a uni-
form spacing, or in ecosystems where competition has a repul-
sive effect on the establishment of individual trees. Random
patterns can occur at various seral stages in different ecosystems;
Lister and Leites (2018) found that mid-sized trees exhibited ran-
dom patterns in a secondary growth forest in Pennsylvania, USA.
Clustering can occur due to gap dynamics and patterns of mortal-
ity and recruitment (Reich and Arvanitis 1992; Larson et al. 2015).
To create a heterogeneity gradient from tree spatial patterns at
the stand scale, spatial point process models were used to simu-
late the three types of S pattern types described above at each
plot location using the spatstat R package. To create the highly
dispersed pattern (S1), a simple sequential inhibition pattern
generator (rssi) with a 4 m inhibition distance (as might occur
in a plantation) and the requisite number of points to achieve
the target N was implemented. For the intermediate level of
aggregation (S2), a homogeneous Poisson process pattern genera-
tor (rpoispp) was used with the target N to create a completely ran-
dom spatial pattern (as might occur at various times in forest
succession, or with mid-sized trees in some forests (Lister and
Leites 2018)). To create the aggregated spatial pattern (S3), a Thomas
cluster process generator (rThomas) was used with a scale pa-
rameter of 3 m, a mean number of points per cluster of 10, and
the requisite N for cluster centers. The scale parameter affects
the compactness of the clusters; to compare our parameter choice
to those that might be found in natural forests, we conducted
the analysis described in Supplementary Material S1b’.

For each level of S, 90 realizations (replicates) were generated,
30 per level of L. For each of the 49 plots in each of the L-S repli-
cates, simulations were performed in a rectangular, 144.7 m x
523.6 m window surrounding each cluster plot center. This win-
dow size, which represents a 50 m buffer around the largest can-
didate cluster plot design’s footprint, was chosen to minimize
artefacts in the point pattern simulation process that would
occur from restricting the simulation to the plot boundaries.

Cluster plot design creation

At each plot location, cluster plots with different d—m-a config-
urations at each of 49 locations were superimposed over the
simulated L-S combinations, as shown in Fig. 1b, using the spat-
stat, raster (Hijmans 2019), and sp (Pebesma and Bivand 2005)
packages. Cluster plot shapes consisted of a linear array of square
subplots aligned north to south (Fig. 1). Candidate cluster plot
designs were located one at a time, and N for that cluster plot
recorded.

We have provided R code in Supplementary Material S2' for gen-
erating the cluster plot designs and L-S scenarios, and for sampling
each L-S—-d-m-a combination. This code can be used to conduct
trials with different combinations of the parameters and calibrate
cost models that are appropriate to specific situations.

Cost model

The details of the cost model used are described in Appendix A.
The cost modelling approach used in this study follows that of
Zeide (1980) and Wiant and Yandle (1980), which is based princi-
pally on the proportions of on- and between-plot times. To make
the proposed framework more accessible to practitioners, salary
and daily cost rates are included in the cost model. This model
is not meant to fully represent reality, but rather to serve as a
tool with which to assign a reasonable total inventory cost
(the dependent variable used in the linear model) to each of the
6480 factor combinations described above, taking into account
on-plot, between-plot, and logistical costs. The components of
the cost model include
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Table 1. Parameters, F statistics, and p values
associated with the final model from eq. 2.

Parameter Fvalue pvalue

(Intercept) 24 584.40 <0.0001
a 267 293.70 <0.0001
a:L 18 747.34 <0.0001
am 13 262.61 <0.0001
m 3541.28 <0.0001
a:m:L 1063.06 <0.0001
L 873.66 <0.0001
m:L 683.10 <0.0001
a:S 497.44 <0.0001
S 272.30 <0.0001
L:d 79.48 <0.0001
m:S 60.04 <0.0001
ad 30.27 <0.0001
a:m:S 26.61 <0.0001
D 717 0.0008
am:d 6.20 <0.0001
m:d 2.43 0.0239

1. On-plot costs. These are calculated for each cluster plot
design - replicate combination based on assumptions about
crew salaries and walking and measurement times required
to measure all the trees in a given simulated pattern.

2. Between-plot costs. These are calculated using the time
required to visit all plots for a given cluster plot design — spatial
heterogeneity scenario, based on the size of the study area,
travel speeds, crew salaries, and f1.eq (€q. 1).

Total inventory cost is calculated as the combination of on- and
between-plot costs, as well as daily logistical costs associated with
the length of time spent executing the inventory.

Analysis

Version 3.1-2 of the ImerTest package of version 3.5.1 of the
R statistical software (Bates et al. 2015; Kuznetsova et al. 2017;
R Core Team 2018) was used to fit the linear model of the form

(2) COStijkpqr =M+ L x Sj X my X dq X Ay + Vi(ij) + 5pk(ij)
+ 8 qui) + Srkcij) + Eparkiy

where Cost is the total inventory cost associated with the kth rep-
licate, for the ith and jth levels of L and S, respectively, and for
the pth, qth, and rth levels of the plot design variables m, d, and a
respectively; w is the overall mean; vy is the replicate random
effect with k =1 to 30 replicates; L is the landscape heterogeneity
class with i =1 to 3 levels; S is the stand heterogeneity class with
j=1to 3 levels; m is the number of subplots with p =1to 4 levels;
d is the distance between subplots with g =1 to 3 levels; a is the
subplot area with r =1 to 2 levels; &4, g and O are ran-
dom effects accounting for repeated measures for m, d and a,
respectively; and &g ~ N(O, o?) is the whole model error term.
After the full model was fit, model terms that were not signifi-
cant were removed, the model was fit again, and modelling
assumptions were evaluated using diagnostic graphics.

Results

Linear modelling results, which consider the repeated meas-
ures factorial design, indicate that landscape- and stand-level
heterogeneity scale and type, as well as plot design factors, signifi-
cantly affect cost, alone and in several interactions (Table 1). Model
diagnostic graphics are provided in Supplementary Material S3'. In
the following sections, we present a summary of the effect of each
main factor on cost by averaging across the other factors’ levels,

w Published by Canadian Science Publishing
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Fig. 2. Boxplot of the total inventory cost (orange shading) and required number of plots (n.q, blue shading) values for each landscape
and stand heterogeneity type combination. Shaded boxes are interquartile ranges, dark lines are medians, small circles are means, and
dashed lines are range of values for each level. n = 2160 for each level. [Colour online.]
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highlight the important interactions found, and then characterize
the relationship between cost and 1q.

Impacts of L and S on costs and f;eq

Landscape-scale heterogeneity L has a significant effect on in-
ventory cost (Table 1). The more aggregated landscape patterns
(L2 and L3) both require a higher (by 102% and 122%, respectively)
average cost and higher (by 74% and 85%, respectively) average
freq t0 achieve AE than does the dispersed landscape type (L1;
Fig. 2). The level of variability of the cost values (interquartile
range (IQR) and range) suggests that plot design decisions have
an important effect on cost in all L-S combinations, particularly
in L2 and L3, where the ranges of cost are over 100% larger than
that of the more dispersed L1 (Fig. 2). However, ranges and IQRs
of n.eq are similar across L levels, suggesting that design choices
have less potential impact on nq in different landscape types.

Stand-scale tree pattern S also has a significant impact on in-
ventory cost (Table 1). As with landscape pattern, average cost
and n,eq increase with increasing level of stand pattern aggrega-
tion (S1-S3). Average cost generally increases linearly; however,
there is a much larger (20%) increase in mean n..q between §2 and
S$3 compared to that between S1 and S2 (4%). Within each L level,
ranges and IQRs of cost are similar across levels of S, but those of
Nreq are much larger for $3 (Fig. 2). This suggests that cluster plot
design decisions have similar potential impact on inventory cost
in different stand pattern types, but have very different potential
impacts on n.q, particularly for the aggregated stand type. This is
the opposite of what results suggest for landscape pattern aggre-
gation, where cost variability is more sensitive than that of f1,eq
to landscape pattern differences.

Nreq mrr‘q

Impacts of plot design factors on costs and f;eq

Of the three plot design variables evaluated, subplot area a was
the most impactful, with the mean cost of 0.01 ha subplots being
71% lower than that of 0.2 ha subplots (Fig. 3). Compared to
smaller subplots, ranges and IQRs of cost were much larger for
0.2 ha subplots, indicating that varying the other plot design fac-
tors can have high impacts when designing inventories with
large subplots.

For the smaller subplots size (0.01 ha), increasing stand aggre-
gation (from $1 to $3), lead to a high cost range and IQR. This
increase in cost range and IQR in more aggregated stand patterns
is of less magnitude when subplot size was larger (0.2 ha). This
trend is reversed as landscape aggregation increases (from L1
to L3); cost variability was relatively stable for small subplots
but increased dramatically between L1 and L3 for large subplots
(Fig. 3). These findings are reinforced by the highly significant
interaction between a and S and between a and L (Table 1) and
highlight the complex relationships between design factors
and attribute spatial patterns.

Subplot area a and number of subplots m interact significantly
(Table 1), which was expected as they determine total plot area.
The highest mean cost plot design was the one with the largest
total plot area (a = 0.2, m = 5) while the lowest mean cost was for
the nearly smallest total plot area (a = 0.01, m = 3) (Fig. 4). The sit-
uation is reversed for n..q: the design with highest n.., was for
the smallest plot (a = 0.01, m = 2), while the lowest 1.4 was for the
largest plot (a = 0.2, m = 5) (Fig. 5). To summarize, results indicate
that as a general pattern, increasing number of subplots and sub-
plot area (and thus total plot area) increases cost and decreases
Mreq (Figs. 4 and 5).
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Fig. 3. Boxplot representing distribution of total inventory cost values for each combination of subplot area (a), landscape type (L1, L2,
L3), and stand type (S1, S2, $3). Shaded boxes are interquartile ranges, dark lines are medians, small circles are means, and dashed lines

are range of values for each level. [Colour online.|

—_——
v
55 6e+05 = o
= . :
el R
(74 ]
2 T :
— 2e+05-] i
v —
Q | ——
© 0e+00
- »
= i —p
[ :
1 = —
1 I I
0.01 02 0.01

) -
—_—
1 I 1
0.2 0.01 0.2

Subplot Area a (hectares)

The effect of number of subplots on cost and 1.4 are also medi-
ated by the heterogeneity type and level (Figs. 4 and 5); this is sup-
ported by the significant a:m:L and a:m:S interactions from the
model results (Table 1). As landscape aggregation increases from
L1 to L3, the cost impact of raising the number of subplots
increases, dramatically so for larger subplot sizes (Fig. 4). The
same pattern of cost increase is observed as stand aggregation
level increases, however, to a lesser extent. This suggests that
cluster plot design decisions about number and size of subplots
should thus be made by focusing more on the coarser-scale land-
scape pattern structure than on fine-scale stand patterns.

The above-described patterns of cost are reversed for fpeq;
increasing the number of subplots has a larger impact on f,q as
stand-scale aggregation increases from S1 to $3, dramatically so
for smaller subplot sizes (Fig. 5). The same pattern of higher
impact of m is observed as landscape aggregation level increases,
however, to a lesser extent. The opposing results when evaluating
cost versus n.q highlight the importance of including both cost
analyses and precision in design decisions.

Subplot separation (d) is the least impactful of the design vari-
ables studied. Although d occurs in several significant interactions
in our model (Table 1), the practical effect of varying d is relatively
small (Figs. 4 and 5). In general, as distance between subplots
increases, the cost and the 1., decrease. However, the magnitude
of this effect generally depends on the size of the subplots: for large
subplots, increasing d has a larger impact on cost (Fig. 4) and a
smaller impact on fiyeq (Fig. 5).

Discussion

This study uncovers the nature of the effects of spatial hetero-
geneity on inventory plot design efficiency, highlighting that

decisions related to plot design should be considered in the light
of landscape- and stand-level heterogeneity. Depending on the
type and level of heterogeneity, the decisions regarding subplot
size, number, and separating distance have different importance.

Other studies have used either mapped or simulated stands to
assess the effects of spatial pattern at the plot scale (Henttonen
and Kangas 2015; Hébel et al. 2019). Our study is unique because
we deliberately construct a broad range of spatial patterns at two
scales, using tools offered by point process (Baddeley et al. 2015)
and landscape pattern modelling (Gardner 1999), that reflect very
different forest heterogeneity scenarios (Fig. 1). As in large-scale
inventories that seek to monitor conversions to and from forest,
like that of the USDA Forest Service’s FIA program (USDA 2020),
plots in our study often fell partially or entirely within nonforest
gaps, contributing significantly to the variance of estimates, calling
into question design guidelines constructed with results from stud-
ies in homogeneous areas.

Impacts of landscape heterogeneity L and stand
heterogeneity S on costs

Figure 2 shows that there are important differences between
mean costs across L levels, and smaller differences in mean cost
across S levels. Both landscape- and stand-level pattern aggrega-
tion raise inventory costs. Less-aggregated landscapes (L1) are on
average the least costly to inventory, and these costs are rela-
tively insensitive to plot design choices. This is shown by how a
broad range of n..q leads to a much narrower range of cost rela-
tive to the more aggregated landscape pattern types. For interme-
diate L2 and aggregated L3 landscapes, this situation is different;
there are generally broad ranges of cost differences relative to
the range of required sample sizes, indicating that design choices
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Fig. 4. Interaction plots showing the relationship between mean total inventory cost and different levels of the factors used in the
simulation (a, subplot area; d, subplot edge separation distance; m, number of subplots; L, landscape type; S, stand type). [Colour online.]
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affecting CV and thus n,.q are more important in landscapes with
aggregated forest patterns.

Uniform stands (S1) are on average the least costly to inventory,
followed by stands with random tree patterns (S2); both are less
costly than inventories in stands with clustered patterns (S3) (Fig. 2).
Uniform and random tree patterns have similar cost-.q relation-
ships, as we expected, because as analysis windows get larger, point
density estimates from random patterns tends to converge with
those obtained from uniform patterns much faster than do those
from aggregated patterns (Wiegand and Moloney 2014). At the scale
of plots (i.e., analysis windows) and with the average tree densities
used in this experiment, means from the random pattern resemble
those of the uniform pattern. Had we used lower tree densities, or
smaller plots, differences would have been greater.

Our results align with those of other studies. In a study using a
sampling simulation on a set of stem-mapped tropical forest
stands, Picard et al. (2018) found that spatial pattern variations
due to differing forest types and stand structures had strong
impacts on the CV - plot size relationships and cost optimality of
different designs, with coarse-scale heterogeneity effects being
stronger than those of local-scale heterogeneity. Similarly, Baraloto
et al. (2013) found meaningful differences in plot design — variance
relationships across five neotropical forests, and much smaller
differences within each forest. Hibel et al. (2019) found that costs

are lowest in more regular stands than in clustered or random
stands, and that increasing subplot size had a larger impact on
precision in clustered patterns than in homogeneous patterns.
Clearly, these findings depend upon the nature of the heterogene-
ity introduced at each scale; sharp forest — nonforest boundaries
will have a greater variance-inducing effect than will finer-scale
variations in levels of forest attributes that do not create gaps into
which entire plots or subplots fall.

Impacts of interactions among design factors, L, and S on costs

Effects of mand a

The overall pattern of change in cost and n..q with plot area is
largely due to the well-known inverse exponential relationship
between plot area and CV (and thus n.,) identified by Smith
(1938) and several others; as plots get larger, there is a diminish-
ing rate of reduction in variance. However, increasing plot size
incurs costs, and the results indicate that, depending upon L-S
type, the CV and n,.q reduction benefits of increasing plot size do
not balance out the additional field costs incurred when plots get
very large. This finding motivates a recommendation to use clus-
ters that are significantly smaller than 1 ha, which are commonly
recommended, when cost function parameters and attribute var-
iance structure resemble those from our experiment.
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Fig. 5. Interaction plots showing the relationship between mean required number of plots (n,e4) to meet allowable error (AE) and different
levels of the factors used in the simulation (a = subplot area, d = subplot edge separation distance, m = number of subplots, L = landscape type,

S = stand type). [Colour online.]|
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Several authors have found that cost optimization favoured
smaller plots ranging in size from 0.07 to 0.2 ha (Mesavage and
Grosenbaugh 1956; Scott 1993; Yim et al. 2015; Lynch 2017b).
Others have found that in areas with extreme levels of between-
plot costs, or to meet needs like measuring site-based diversity or
calculating stand indices that require more trees to be meaning-
ful, plots between 0.25 and 2 ha might be required (Zenner and
Peck 2009; Rejou-Mechain et al. 2014; Picard et al. 2018). In addi-
tion, if inventory plots are to be linked to remote sensing data
and used to train models, larger plots help mitigate the effects of
spatial mismatch between plots and pixels (Naesset et al. 2015;
GFOI 2016).

Given this broad range of recommendations, it becomes clear
that studies like this one, that not only assess different designs
in a methodical way, but also experimentally integrate different
heterogeneity scenarios, can help reveal mechanisms behind
cost efficiency. For example, the results of our study indicate
that as landscape aggregation level and thus forest patch sizes
increase, cost — plot size relationships vary in alignment with
principles identified in the conceptual model shown in Fig. 6a.
In the more-aggregated L3 landscape type, increasing subplot
size is less likely to cause the plot to represent a microcosm of

the larger study area than it is in L1, so while costs on the plot
increase, n.eq and cost between plots does not decrease as much
as it does in L1 (Figs. 4, 5, 6a). If each plot’s status is more similar
to that of the landscape as a whole, as in L1, its contribution to
variance and CV will be smaller, leading to, on average, fewer
and (or) less costly plots needed to achieve AE requirements from
the sample.

For stand-scale aggregation S, similar principles apply. At
higher stand aggregation levels (S3), Fig. 4 reveals an important
phenomenon: a negative exponential pattern of the relationship
between cost and number of subplots in the panel associated
with smaller subplots, and a positive relationship in the panel
associated with larger subplots. This suggests that the optimal
(lowest cost) plot size lies somewhere between 0.05 ha (five
0.01 ha subplots) and 0.4 ha (two 0.2 ha subplots). This supports
the hypothesis that increasing plot size in aggregated stands
makes each plot more like a microcosm of the stand-scale pat-
terns found on the landscape than it does in the stands where
trees are more evenly distributed like S1 and S2 (Fig. 6b), where
the optimum plot size generally appears to be at or below 0.01 ha.
For both L and S, there is therefore little cost advantage to
increasing plot size unless the heterogeneity type is such that
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Fig. 6. Conceptual model showing hypothesized mechanisms for how increasing plot size and separation affect coefficient of variation
(CV) and costs across levels of landscape type (L) (a, ¢) and stand type (S) (b, d). Arrows represent increasing of plot size or separation
distance from smaller (subplot area (a) = 0.01 ha) or closer (subplot separation distance (d) = 10 m) to larger (a@ = 0.2 ha) or more separated
(d = 50 m) cluster plot designs. Green areas represent forested areas; small dots represent tree locations. [Colour online.]
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reductions in CV and subsequent savings in n..q offset the on-plot subplot separation distance on CV and cost is linked to the rela-
cost increases from measuring larger plots. tionship between it and the spatial structure of the resource
under study and the relative costs associated with walking

between subplots.
Effects of d

Increasing landscape aggregation (from L1 to L3) leads to a reduc-

Separating subplots has a similar effect on variance as does  tion of cost benefits from subplot separation (Fig. 4). As with increas-
increasing plot area, but for slightly different reasons. In theory, ing plot size, separating subplots is more likely to capture the
separating subplots should lead to the mean landscape condition variability found on the landscape, reducing variance, when forest
being captured more efficiently for the same total plot area  patches are more dispersed, like in 1. However, separating subplots
because the cost inefficiencies associated with measuring redun- found in large, aggregated forest or nonforest patches (L2 and L3)
dant information in spatially autocorrelated patches should be will lead to less reduction of variance and in 1.4, but higher on-plot
mitigated (Cochran 1977; Kleinn 1994; Tokola and Shrestha 1999; costs from additional walking. This will tip the balance and favour
Yim et al. 2015). In practice, the magnitude of the impacts of lower values of d in more aggregated landscapes (Fig. 6¢). As levels of
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stand-scale heterogeneity increase (S1 to $3), subplot separation
becomes more cost-advantageous, because in more aggregated
stands, subplots move into or out of patches of trees over relatively
short distances (Fig. 6d).

Additional considerations

We used approaches similar to others who have built cost models
for forest inventories (Zeide 1980; Scott 1993; Zhang et al. 1994; Yim
et al. 2015; Yang et al. 2017), and attempted to provide estimates of
cost parameters that were reasonable based on personal experience
and discussions with field inventory personnel. However, there are
several factors for which we did not account. First and foremost, our
cost model is based on the use of fixed area cluster plot designs with
the cost parameters we selected. These model parameters would vary
if different field techniques (lasers for distance and height measure-
ments versus tapes and clinometers, or variable radius versus fixed
area plots) were used. Yang et al. (2017) and Lynch (2017b) report that
for the datasets they examined, there was a rather flat optimality
region associated with the cost (or relative standard error):plot size
curve, suggesting that excessive fine tuning of cost and design param-
eters might not be important in practice. However, Chen et al. (2019)
found a much narrower range of optimality, suggesting that under
certain heterogeneity scenarios and when costs are a limiting factor,
design decisions become more important. Due to the varied influen-
ces of inventory methods and attribute heterogeneity on costs, we
designed our modelling framework and simulation experiment with
enough flexibility to allow for a wide variety of spatial heterogeneity
scenarios and user-specified cost model parameters.

Another factor that could alter the results of our study is the
choice of the attribute on which to optimize. Yang et al. (2017)
employ a variable radius plot procedure that focuses sampling
effort on tree counts because, particularly for smaller diameter
classes, this attribute is generally more variable than volume or
basal area. We chose N because, for trees above 12.7 cm in diame-
ter, its variance is intermediate to that of G or V (USDA 2020) and
because point pattern simulation of N is much less complex than
alternative approaches that include effects of tree size on spatial
patterns. In real-world inventories, there are multiple objectives
and types of information needs, and it is important to note that
different attribute choices will have different variance struc-
tures, affecting outcomes of plot design choices.

Finally, the logistics of conducting the inventory are crucial
determinants of cost efficiency. In the US Forest Service’s national
forest inventory, for example, plots are pre-screened with aerial im-
agery before a field crew is sent. In the context of our experiment,
this would dramatically reduce the impact of 114, as many plots that
fall entirely within nonforest patches would not require a field visit.
The travel logistics are also key; for example, with respect to plot
size, higher between-plot travel costs would tend to shift the opti-
mum toward larger plots, as on-plot costs would represent a lower
proportion of overall inventory cost (Zeide 1980).

Our research provides practical guidance to decision-makers.
Firstly, the results strongly suggest that a simulation study aimed
at modelling the effects of spatial pattern type and scale, plot
design factors, and AE requirements on inventory cost can be
extremely valuable, as our results show that there are important
total inventory cost differences across the range of plot design
choices that are often considered. Traditional paradigms of in-
ventory plot design tend to rely on large inventory plots, with the
idea that these somehow “capture” rare events or give more accu-
rate estimates of the status of the attribute. What is not consid-
ered, however, is that a common goal of an efficient inventory
design is not to maximize the unknowable quantity “accuracy”
but rather to meet AE requirements for minimum cost. We have
therefore provided a conceptual framework, as well as code for
conducting simulations, with which practitioners can approach
inventory plot design choices in ways that are better than simply
resorting to the “bigger is better” orthodoxy.
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Secondly, we have demonstrated the value of using the tools of
point process modelling and landscape simulation for inventory
plot design investigations. The importance of the effects of plot
design on inventory costs changes with spatial heterogeneity sce-
nario, and while our specific heterogeneity scenarios are not per-
fect facsimiles of nature, the principles that our simulation
experiment reveal as well as our methods and software code can
be used to guide plot design experiments in the field or in future
simulation studies. For example, to simulate tree point patterns
that resemble those found in a particular study area, a practi-
tioner can either assume that the dominant pattern type can be
described by one of the three stand-scale pattern scenarios used
in this study (Fig. 1) or implement a more sophisticated point pro-
cess modelling approach using data from stem-mapped plots
or stands (Lister and Leites 2018). For example, Henttonen and
Kangas (2015) and Hébel et al. (2019) found that plot design opti-
mality varied greatly by combination of inventory attribute and
tree size distribution-induced spatial pattern properties.

With respect to landscape patterns, our recommendation for prac-
titioners would be to test plot designs using existing forest-nonforest
maps in place of simulated maps, because these exist at the appropri-
ate resolution for most areas. For example, by integrating realistic,
simulated point pattern maps with realistic land cover maps created
from actual landscapes, a reasonable facsimile of the population
could be produced and various plot types overlaid and tested using
the analysis framework we have presented.

Conclusions

The type and scale of heterogeneity found in the population
being inventoried matters when making plot design choices.
In our experiment, landscape-scale heterogeneity affects the
magnitude of costs more than stand-scale heterogeneity, with
costs increasing with aggregation level. At the stand scale, areas
with clustered tree patterns are more costly to survey than those
with regular tree patterns, with random tree patterns being in-
termediate to the two. It is more advantageous to increase plot
size in stands with aggregated tree patterns compared to stands
with more uniform tree patterns, mainly because there is a
larger reduction in CV as plot size, and to a lesser extent subplot
separation distance, go up. These relationships are sensitive to
the scale of heterogeneity of the attribute of interest, relative to
the dimensions of the plot. Subplot count and area are more
important design decisions affecting total cost than subplot
separation distance, although once plot area has been chosen,
separation distance matters, with smaller distances being more
cost-effective for smaller plots, and larger distances being
more cost-effective for larger plots. This relationship is affected
more by landscape than by stand heterogeneity; there is less cost
penalty from subplot separation in more uniform landscapes.

This study is unique in that it recognizes inventory situations
where the paradigm includes a survey of the entire land base
including nonforest areas. We designed a simulation experiment
framework that allows testing different plot design factor combi-
nations using modelling and simulation tools from the disparate
fields of point process modelling and landscape ecology. This
study not only reveals how various plot design factors interact
under different heterogeneity scenarios to affect costs, but it also
provides a conceptual framework and computer code with which
to examine these interactions. Our goal was to provide guidance
to practitioners and tools that can serve as a foundation for
future studies in this important area.
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Appendix A. Cost model and explanation of cost
components used to calculate total inventory cost from
specific plot design-required sample size scenarios

Cost model

The cost model used to calculate total inventory cost based on
assumptions about crew salaries, work rates, travel rates, and daily
logistical costs is described below. The combination of simulated
forest pattern and cluster plot configuration leads to on-plot costs,
and required sample sizes, along with assumptions about travel
speed rates, affect between-plot costs. Daily rates are affected by
time required to complete the entire inventory. Assumptions of
the cost model are as follows:

1. Plots are visited in succession, with field crews receiving salary
for 8 h/day. At the end of each day, the field crew will lodge
at a negligible distance from the route between plots.

2. Logistical costs, such as training, equipment purchases, lodging
costs, vehicle purchase or lease, and overhead costs, can be sub-
sumed into a daily cost, with the assumption that they can be
amortized using the time period at which the inventory field
data are being collected.

3. Any other costs associated with on- or between-plot work can
be subsumed into these components.

4. There is no upper time or cost limit to complete the inven-
tory, as the goal is to seek the design that achieves AE for a
single attribute of interest for the minimum cost.

5. A single crew is used to visit all plots, i.e., there are no crews
working in parallel.

6. Several additional cost components are not considered in
order to avoid excessive complexity, such as additional time
required to measure edge trees (Zeide 1980), rest or data entry
times, and so on.

The cost model with three terms, reflecting on-plot costs, between-
plot costs, and logistical costs, is as follows:

(A1) Cr=ScxnxTp+SexnxTi+(n—1)xTq+CLxD

where

Cr =total cost (US dollars),

Sc = total field crew salary (US dollars/h); this was set to $100/h,

n = required number of plots to meet precision requirements,
calculated from the CV and eq. 1,

T, = time (h) required on-plot to complete plot (eq. A3),

T4 = time (h) required driving from one plot to the next (eq. A6),
T, = transition time spent between leaving vehicle and arriving
at plot, then, when finished with measurements, leaving the plot
and entering vehicle (round trip time was set to 0.33 h/plot). Note
that separating this factor, which could in principle be combined
with driving time into a “between-plot cost” component, allows
for experimental manipulation of the on-plot : between-plot cost
ratio without having to adjust driving velocity.

Logistical cost components:

Cy. =logistical costs (US dollars/day); this was set to $200/day
D =number of days to complete inventory (eq. A2)

199

(A2) D =[nx (Tp 4+ T¢) + (n — 1) x Tq]/8h/day

Note that logistical components, as we have incorporated them,
are in effect daily costs that go up as more days are required to
complete the inventory, given the number of required plots and
time expenditure required for transportation and field work.

On-plot time components:

(A3) Ty =(de+mxdc+dm)/Vw+ T Xp
where

d. = distance walked along shortest path between trees on the
plot, returning to first tree (m) (Fig. Ala). This shortest path distance
was calculated using an algorithmic solution to what is known as
the Traveling Salesperson Problem (TSP), farthest insertion method
(Rosenkrantz et al. 2009) found within the R package TSP (Hasler
and Hornik 2007). This approach was used to find a common
method for tracing an efficient route between all of the trees found
on a plot, regardless of the spatial pattern, and regardless of the fact
that, in practice, field crews will seldom visit trees in this manner. d,
is thus considered to be a reasonable proxy for inter-tree walking
time given that spatial patterns of trees differ greatly by level of S.

m =number of subplots.

dc = distance from center of subplot to each of four corners and
back to center (eq. A4); this is meant to be a simplistic representation
of costs associated with marking the corners of a square subplot.

p=no. of trees on a plot

(A4) de=2x{4x[0.5x4/2x12]}

where

Is =length of one side of a subplot (Fig. A1b)
dm = distance between subplot centers and back to subplot 1
(eq. AS)

(A5)  dm=2x {2 % (05x1)+d] x (m—1)}

where

d = separation distance between subplot sides (Fig. Alc)

V. = walking velocity (m/h); this was set to 1609.5 m/h

T, = time spent measuring a tree (h/tree); this was set to 0.05 h/tree;
we ignore the fact that edge trees will require more time to discern
and measure, or that many national forest inventories will require
more measurement time per tree, particularly in dense stands if
heights are measured.

Between-plot driving time components:

(A6)  Ta=[VA/V]/Va

where

A = area (km?) of the population; this was set to 10 000 km? for
logistical reasons related to the computational requirements
of the simulation, and to provide a large enough area over which
to distribute a spatially balanced sample of 49 points that are
assumed to be independent of one another.

V4 = velocity (km/h) of inter-plot travel; this was set to 48 km/h.
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Fig. A1. Graphical depiction of components of the cost model used in the study. (a) Example of the Traveling Salesman Problem derived
shortest distance between a set of forest trees (points) found in a forest (green, shaded areas in all graphics; nonforest trees are not measured) (d).
(b) Example of the calculation of subplot establishment walking distance (d.). (c) Example of the walking distance back and forth between
two subplot centers (dy,). (d) A depiction of the assumed travel route and length of the set of segments that need to be traversed to visit all
plots. I, length of one side of a subplot. [Colour online.]
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